The effects of anthropogenic land use on the water quality of reservoir-based water sources are understudied. We trained a self-organizing map (SOM) to measure the spatial pattern of nutrients over the course of a year in 61 reservoirs located in eastern China. In the linear regression model and one-way analyses of variance, we found that water quality was influenced by period of the year (flood, low, and normal periods based on rainfall conditions) and reservoir altitude (plains vs. mountains). Our results indicated that land use metrics measured in aquatic-terrestrial interfaces significantly influenced the water quality of reservoirs. The land use intensity (LUI) and the proportion of construction land had a positive correlation with ammonia nitrogen (NH 3 -N) and chemical oxygen demand (COD Mn ) concentrations, and redundancy analysis indicated that the percent of landscape (PLAND) represented by construction land was positively correlated with COD Mn , NH 3 -N, total phosphorus (TP), and total nitrogen (TN) concentrations. The proportion of cropland was not correlated with any water quality property except for COD Mn concentration. The total explained variance for water quality was highest when the scale was large (the area defined by a 1500 m radius around the reservoir), indicating that management which ensures water safety should be carried out at this scale.
Introduction
Freshwater lakes, ponds, reservoirs, rivers, springs, bogs, and wetlands are important parts of Earth's aquatic ecosystems [1] . They provide drinking water, regulate climate, maintain biodiversity, and support nitrate cycling [2, 3] . However, freshwater ecosystems are one of the most impacted ecosystems in the world [4] . The water quality of freshwater ecosystems can be affected by natural factors (e.g., river flow, geological topography, and rainfall intensity and frequency) [5] and human activities (e.g., water extraction, urbanization, and sewage discharge) [6] which lead to the accumulation of external inputs and pollutants, such as changes in nitrogen and phosphorus concentrations. These can be indicators for the community structure diversity and productivity of freshwater ecosystems [7] . Meanwhile, the water quantity of freshwater ecosystems can be impacted by dam construction following strong modification of unregulated flows [8] . Land use and land cover (LULC) significantly affect surface water quality and non-point-source pollutants. Many studies have analyzed the relationship between LULC and water quality in ponds [4] , bays [9] , main channels [10] [11] [12] [13] , and low-order streams [14] . The results showed that LULC has different effects on water quality in various types of water systems. However, there are still relatively few studies on the effects of LULC on reservoir-based urban water sources [15, 16] .
Reservoirs have great effects on the management of water resources and provide a variety of ecosystem services for human societies, i.e., reservoirs provide drinking water, mitigate floods, secure water supplies, and provide hydropower. It is estimated that large reservoirs are directly linked to approximately 14% of global grain production [17] . By 2050, the global population is predicted to increase by 40% while food increases by 70%. Part of this increase will require 11% more water through irrigation services provided by reservoirs [18, 19] . A recent study found that the water quality in Korean reservoirs was closely related to the proportions of urban areas, cropland, and forest in the catchment (i.e., in the entire drainage basin) [16] .
Together with the regional impact of global climate change, the structure and function of reservoir ecosystems have undergone profound changes, and the habitat quality is gradually declining with the effect of LULC. Regional urbanization leads to the acceleration of the development of soil and water resources in the aquatic-terrestrial interfaces of reservoirs [20] . Interfaces between terrestrial and freshwater ecosystems act as an environmental filter and play a part in regulating freshwater quality both at the local scale [21] and at the watershed scale [22] . The deterioration of the reservoir ecosystem aggravates water quality and resource scarcity problems. Furthermore, the regional LULC of aquatic-terrestrial interfaces also affects flood control safety, surrounding industrial and agricultural production, and urban water use. Therefore, it is urgent to study the effects of LULC measured in aquatic-terrestrial interfaces on the water quality of reservoir-based water sources.
The effect of LULC on water quality has strong connections with scale [23, 24] . Researchers found that a 1000 m buffer scale (1000 m radius around the reservoir) is superior to both the catchment scale and other river scales in explaining overall changes in water quality [10] . In another study, however, researchers found that the catchment scale contributes more to explaining overall changes in water quality than the bank scale (a 100 m buffer scale) [25] . Because the definition of a riparian zone is vague, the relationship between different riparian zone scales and water quality remains to be studied. In addition to spatial scale, temporal scale can also affect the relationship between LULC and water quality. Previous studies, for example, found that the relationship between LULC and water quality differs between rainy and dry seasons [10, 26] . Landscape pattern indices enable researchers to quantify the spatial composition and configuration of the land use pattern [27] . Many studies have shown that landscape pattern indices are closely related to the water quality of freshwater ecosystems [24, 28] . Research has also demonstrated that increases in land use intensity (LUI) can greatly reduce ecosystem stability [29] . The intensive use of land surrounding reservoirs is likely to reduce drinking water quality.
China's total water resources are 2,810,000 billion tons, which ranks fourth in the world; however, its per capita freshwater occupancy is only one-fourth of the world's per capita value. The Yangtze River Delta (YRD) region is the most developed urban agglomeration in eastern China and consists of two provinces (Zhejiang and Jiangsu) and a city (Shanghai). Due to high industrialization, dense population, and developed water transport, river and lake pollution has been frequent in recent years [30] . Reservoir-based water sources play an important role in the YRD region in that they account for 73.9% (68 of 92) of Zhejiang's water sources, 8.7% (9 of 104) of Jiangsu's water sources, and 75% (3 of 4) of Shanghai's water sources. Here we chose Zhejiang Province as a case to explore how the LULC of aquatic-terrestrial interfaces affects the water quality of reservoir-based water sources and how policy-makers can develop urban planning optimization strategies for improving water quality.
Linking LULC to the quality of reservoirs' freshwater would increase water quality security by facilitating land use planning. To accomplish this overall goal, we analyzed the relationships between water quality measurements and land use metrics of reservoirs at multiple scales during low, flood, and normal periods. We attempted to answer three questions: (1) How does the water quality of reservoirs vary among season and topography? (2) How do land use metrics differ among spatial scales? (3) How do temporal and spatial scale affect the relationships between reservoir water quality and surrounding land use metrics?
Materials and Methods

Study Area
We assessed the relationship between the water quality and surrounding land use metrics of reservoirs in Zhejiang Province, Eastern China. Zhejiang Province represents a subtropical monsoon climate for which the average annual temperature ranges from 15 to 18 • C. The rainfall is concentrated between June and August, and the average annual rainfall ranges from 980 to 2000 mm, i.e., this region receives more rain than many other regions in China. In 2015, cropland accounted for 23.58%, construction land accounted for 8.31%, and forest land occupied 62.22% of the total area ( Figure S1 ). In preliminary research, the main crops in Zhejiang Province were found to include rice, wheat, rape, corn, and soybean [31] . The total fertilizer usage in cropland was 4 × 10 3 t, accounting for 0.15% of the country's total. There were 56 state-owned farms in the study area. According to the statistical data, the numbers of pigs and poultry were 5.4 × 10 4 and 3.1 × 10 4 , respectively. With an area of 105,500 km 2 and a population of 57.37 million, Zhejiang is one of the smallest and most densely populated provinces in China. The average annual water resource supply of Zhejiang Province is 95.54 billion m 3 , and the average water resource supply per unit area is 920 thousand m 3 km −2 , ranking fourth in China. Because of the high population density, however, the per capita water resource supply in Zhejiang is only 2100 m 3 . With the continued increase in population, this number is decreasing yearly. The distribution of water resources decreases from the southwest to the northeast. Water resources are scarce in the densely populated and economically developed coastal plain areas but are more abundant in the sparsely populated mountainous areas further inland. During the year of 2013, the newly built industrial point-source pollution projects numbered 22 in Zhejiang Province; meanwhile, 5 point-source pollution prevention and control projects have been completed. The quantities of chemical oxygen demand, total phosphorus, total nitrogen, and ammonia nitrogen contained in the sewage load were 4.61 × 10 5 , 0.8 × 10 4 , 1.25 × 10 5 , and 7.3 × 10 4 t, respectively. In 2015, the sewage treatment rate by waste water treatment plants (WWTPs) was 84.85%, which was close to the national average level (83.46%).
A total of 61 reservoirs was studied ( Figure 1 ). Reservoir areas ranged from 6.0 × 10 3 m 2 to 3.0 × 10 7 m 2 , and reservoir altitude ranged from 8 to 600 m. Of the reservoirs, 90% were artificially built based on low-lying lakes and rivers and were built between years 1959 and 2015. The capacity of the reservoirs ranged from 3.5 × 10 6 to 7.32 × 10 8 m 3 . In addition to providing safe drinking water and controlling flooding, approximately 80% of these reservoirs also provided ecosystem services including electricity generation, irrigation, and lake fishing. We analyzed water quality from January 2015 to December 2015. We designated three main seasons or periods with respect to water levels in streams and rivers that flow into reservoirs: a normal period from November to December, a flood period from June to August, and a low period from January to March. We divided the reservoirs into two categories with respect to elevation: mountain reservoirs (altitude >195 m) and plain reservoirs (altitude <195 m). To study the relationship between land use metrics and water quality at different scales, we analyzed areas defined by the reservoir's catchment scale and various buffer scales, namely, areas encompassed within a 100 m, 200 m, 500 m, and 1500 m radius of the reservoir. 
Data Preparation
A 30 m × 30 m digital elevation model (DEM) provided by the geospatial data cloud of the Chinese Academy of Sciences (http://www.gscloud.cn/) was used as the benchmark. The segmented DEM was fused and cut according to the size of the study area using ArcGIS version 10.2. At the same time, we determined the surface water flow paths, river networks, and basin boundaries on ArcSWAT. The coordinates of each fluvial and lacustrine water source and the boundary of each lacustrine water source were determined using Google Earth. The 1:100,000 land use data of Zhejiang Province in 2015 were provided by the cloud platform of the Resource and Environment Science Data Center (http://www.resdc.cn/). Land use type was also classified using ArcGIS based on the Chinese land use/land cover remote sensing monitoring data classification system. The six main land use types we considered were cropland, forest, grassland, waterbody, construction land, and unused land. A kappa coefficient test indicated that the land use type classification accuracy exceeded 90%.
Land use configurations (i.e., landscape pattern indices), land use proportions, and LUI were used to calculate the land use metrics. We chose the LUI index to describe the degree of land use type [32] . We calculated 10 landscape pattern indices using FRAGSTATS software, including patch density (PD), aggregation index (AI), landscape shape index (LSI), contagion (CONTAG), largest patch index (LPI), and cohesion index (COHE). The interspersion and juxtaposition index (IJI) and percent of landscape (PLAND) were calculated only at the class scale. Shannon's evenness index (SHEI) and Shannon's diversity index (SHDI) were applied only at the landscape scale. Land use proportions refer to the proportion of each land use type (cropland, forest, grassland, and construction land).
Water quality data for the 61 reservoirs during 2015-2016 were provided by Zhejiang Environmental Monitoring Center (http://www.zjemc.org.cn). Water quality properties included the pH value, dissolved oxygen (DO), chemical oxygen demand (CODMn), total phosphorus (TP), total nitrogen (TN), and ammonia nitrogen (NH3-N). Water samples were collected monthly at each reservoir during 2015-2016. Water samples were collected at 100 m around the intake of each water source, and the sampling depth was 0.5 m below the water surface. DO and pH were measured in situ using a YSI 85 water quality monitoring instrument. Other properties were measured in the laboratory according to the national standard criteria (GB3838-2002). The coordinates of each fluvial and lacustrine water source and the boundary of each lacustrine water source were determined using Google Earth. The 1:100,000 land use data of Zhejiang Province in 2015 were provided by the cloud platform of the Resource and Environment Science Data Center (http://www.resdc.cn/). Land use type was also classified using ArcGIS based on the Chinese land use/land cover remote sensing monitoring data classification system. The six main land use types we considered were cropland, forest, grassland, waterbody, construction land, and unused land. A kappa coefficient test indicated that the land use type classification accuracy exceeded 90%.
Statistical Analysis
Data Preparation
Water quality data for the 61 reservoirs during 2015-2016 were provided by Zhejiang Environmental Monitoring Center (http://www.zjemc.org.cn). Water quality properties included the pH value, dissolved oxygen (DO), chemical oxygen demand (COD Mn ), total phosphorus (TP), total nitrogen (TN), and ammonia nitrogen (NH 3 -N). Water samples were collected monthly at each reservoir during 2015-2016. Water samples were collected at 100 m around the intake of each water source, and the sampling depth was 0.5 m below the water surface. DO and pH were measured in situ using a YSI 85 water quality monitoring instrument. Other properties were measured in the laboratory according to the national standard criteria (GB3838-2002).
Statistical Analysis
The self-organizing map (SOM) training was performed in MATLAB version R2019a by running the SOM toolbox. One-way analyses of variance (ANOVAs) were performed to determine whether water quality properties (log-transformed values) differed among seasonal periods (normal, low, and flood) or topographies (mountains vs. plain). According to an analysis using SPSS19.0, most of the data were not normally distributed. Therefore, Spearman correlation coefficients were adopted with statistical significances at p < 0.05. R software was used to generate heatmaps and cluster maps of the correlation coefficients between land use types and water quality properties. Redundancy analysis (RDA) was performed in CANOCO 4.5 to further examine the relationship between land use configurations and water quality properties.
Self-Organizing Map (SOM)
A self-organizing map (SOM) is an unsupervised system based on competitive learning in which the output neurons compete for activation. This competition can be realized by having lateral inhibitory connections (negative feedback paths) between neurons. As a result, neurons are forced to recombine themselves [33] . Our goal is to map the input vector to a low-dimensional discrete output space. We used an SOM to characterize the spatial distribution patterns of water quality at the 61 sampling sites. In this case, input vectors were mainly composed of the normalized six water quality variables: the pH value and the DO, COD Mn , TP, TN, and NH 3 -N concentrations. Normalization was used to eliminate the potential influence of magnitude differences among input eigenvectors on the final map organization. Then, we determined the SOM neurons when the number of map neurons was close to 5
√ n [34] , where n is the number of training samples, meaning the 61 sample sites. The ratio of the number of rows to the number of columns was determined by the square root of the ratio of the two maximum eigenvalues of the training data. After determining the number of SOM neurons and the length of mapped edges, the SOM was trained by a linear initialization method and a batch processing method. The hexagon array was used as the SOM's reference vector to avoid the deviation of vertical and horizontal directions [33] . The SOM selected the number of neurons based on minimum values for quantity error (QE) and topology error (TE) [33] . The QE is the average distance between each input vector and its best-match neuron, while the TE is a measure of the topological preservation of all input vectors. When the final TE and QE are minimized, the topology is preserved well. Then, the SOM used the Euclidean distance to find the winner neuron or best-matching unit (BMU) which was the closest to the input vector. Finally, the training updated the weight vector of the BMU and neighboring neurons to move closer to the input vector. After learning, a component plane was used to visualize the result.
Redundancy Analysis (RDA)
Redundancy analysis (RDA) is a method developed on the basis of correspondence analysis. It combines correspondence analysis with multiple regression analysis and carries out regression with environmental factors (LULC) in each step of calculation, also known as multiple direct gradient analysis. This analysis is mainly used to reflect the relationship between land use and water quality. The length of the arrow of environmental factors can represent the degree of influence (amount of interpretation) on water quality. The included angle between arrows of environmental factors represents positive or negative correlation (acute angle: positive correlation; obtuse angle: negative correlation; right angle: no correlation).
Uncertainty and Shortcomings of the Study
Our study investigated the relationships between water quality measurements and land use metrics of reservoirs at both seasonal (i.e., low, normal, and flood periods) and spatial (i.e., plain and mountain areas) scales. However, there may be more aspects influencing the reservoir-based water sources, such as the capacity and water demand of each reservoir. Unfortunately, because of the absence of data, we did not include the other characteristics of reservoirs except for the area and elevation. We used the SOM to measure the spatial-temporal pattern of nutrients. Also, different quantities of sampling sites might lead to different results from the SOM [34] . These are important issues for future work.
Results
Effects of Seasonal Period and Elevation on Water Quality
The results from SOM training (TE = 0.033, QE = 0.470) showed that the COD Mn , NH 3 -N, and TP concentrations had similar spatial patterns, with the lowest values at the top-right and the highest values at the bottom-left part of the SOM plane (Figure 2c -e). The pH value and TN concentration differed from other parameters in the SOM plane (Figure 2a ,f), showing that neither of them varied with sampling sites simultaneously. The results came out the same in the spatial distribution of water quality concentrations in the study region ( Figure S2 ). These results indicated that the characteristics of sampling sites (e.g., elevation) might influence the water quality. quantities of sampling sites might lead to different results from the SOM [34] . These are important issues for future work.
Results
Effects of Seasonal Period and Elevation on Water Quality
The results from SOM training (TE = 0.033, QE = 0.470) showed that the CODMn, NH3-N, and TP concentrations had similar spatial patterns, with the lowest values at the top-right and the highest values at the bottom-left part of the SOM plane (Figure 2c -e). The pH value and TN concentration differed from other parameters in the SOM plane (Figure 2a ,f), showing that neither of them varied with sampling sites simultaneously. The results came out the same in the spatial distribution of water quality concentrations in the study region ( Figure S2 ). These results indicated that the characteristics of sampling sites (e.g., elevation) might influence the water quality. We then analyzed the relationship between the elevation and water quality of the 61 sampling sites during normal, flood, and low periods in our study area by linear regression ( Figure S3 ). The results indicated that the elevation of reservoirs was significant negatively correlated with the CODMn concentration during normal and low periods ( Figure S3 ). Meanwhile, the elevation of sampling sites was also significant negatively correlated with the TN concentration during all three periods ( Figure  S3 ). These results indicated that both seasonal period and elevation could influence the water quality measurements of reservoirs.
As indicated in Figure 3 , the DO concentration of the reservoirs was significantly higher (p < 0.05) during the normal period (median = 9.35 mg L −1 ) than during the low (median = 8.53 mg L −1 ) and flood periods (median = 8.25 mg L −1 ), and the pH value was significantly higher (p < 0.05) during the normal (median = 7.71) and flood periods (median = 7.89) than during the low period (median = 7.45). Water quality was poor during the flood period as indicated by the pH and DO concentration. The other physical chemistry properties did not significantly differ among periods ( Figure 3 ). We then analyzed the relationship between the elevation and water quality of the 61 sampling sites during normal, flood, and low periods in our study area by linear regression ( Figure S3 ). The results indicated that the elevation of reservoirs was significant negatively correlated with the COD Mn concentration during normal and low periods ( Figure S3 ). Meanwhile, the elevation of sampling sites was also significant negatively correlated with the TN concentration during all three periods ( Figure S3 ). These results indicated that both seasonal period and elevation could influence the water quality measurements of reservoirs.
As indicated in Figure 3 , the DO concentration of the reservoirs was significantly higher (p < 0.05) during the normal period (median = 9.35 mg L −1 ) than during the low (median = 8.53 mg L −1 ) and flood periods (median = 8.25 mg L −1 ), and the pH value was significantly higher (p < 0.05) during the normal (median = 7.71) and flood periods (median = 7.89) than during the low period (median = 7.45). Water quality was poor during the flood period as indicated by the pH and DO concentration. The other physical chemistry properties did not significantly differ among periods (Figure 3 ). As indicated in Figure 4 , the TN concentration and pH value were significantly higher (p < 0.05) in plain reservoirs (medianpH = 7.73; medianTN = 0.88 mg L −1 ) than in mountain reservoirs (medianpH = 7.39; medianTN = 0.42 mg L −1 ). The concentrations of CODMn (median = 1.76 mg L −1 ), NH3-N (median = 0.085 mg L −1 ), and TP (median = 0.016 mg L −1 ) tended to be higher and the DO (median = 8.71 mg L −1 ) concentration tended to be lower in the plain reservoirs, but the differences were not statistically significant (p > 0.05). As indicated in Figure 4 , the TN concentration and pH value were significantly higher (p < 0.05) in plain reservoirs (median pH = 7.73; median TN = 0.88 mg L −1 ) than in mountain reservoirs (median pH = 7.39; median TN = 0.42 mg L −1 ). The concentrations of COD Mn (median = 1.76 mg L −1 ), NH 3 -N (median = 0.085 mg L −1 ), and TP (median = 0.016 mg L −1 ) tended to be higher and the DO (median = 8.71 mg L −1 ) concentration tended to be lower in the plain reservoirs, but the differences were not statistically significant (p > 0.05). As indicated in Figure 4 , the TN concentration and pH value were significantly higher (p < 0.05) in plain reservoirs (medianpH = 7.73; medianTN = 0.88 mg L −1 ) than in mountain reservoirs (medianpH = 7.39; medianTN = 0.42 mg L −1 ). The concentrations of CODMn (median = 1.76 mg L −1 ), NH3-N (median = 0.085 mg L −1 ), and TP (median = 0.016 mg L −1 ) tended to be higher and the DO (median = 8.71 mg L −1 ) concentration tended to be lower in the plain reservoirs, but the differences were not statistically significant (p > 0.05). 
Land Use Types as Affected by Elevation and Scale
As indicated in Figure 5 , the proportion of forest was higher in mountain reservoirs than in plain reservoirs, but the opposite was true for the proportions of construction land, grassland, and cropland. This indicated that reservoirs were more affected by human activity at lower elevations. Regarding scale, the proportion of construction land increased, especially for plain reservoirs, as the scale (the area under consideration) increased.
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As indicated in Figure 5 , the proportion of forest was higher in mountain reservoirs than in plain reservoirs, but the opposite was true for the proportions of construction land, grassland, and cropland. This indicated that reservoirs were more affected by human activity at lower elevations. Regarding scale, the proportion of construction land increased, especially for plain reservoirs, as the scale (the area under consideration) increased. 
Effects of Land Use Proportions and LUI on Water Quality
We determined whether water quality properties were correlated with land use proportions and LUI as a function of elevation and scale (see Figure 5 ). As shown in Figure 6 , a Spearman correlation heatmap indicated that LUI and the proportion of construction land had a positive correlation with the concentrations of CODMn and NH3-N (n = 61, p < 0.05). The proportion of construction land was also positively correlated with the concentrations of TP and TN and negatively correlated with the DO concentration (n = 61, p < 0.05). The proportion of forest and the proportion of grassland were negatively correlated with concentrations of CODMn, NH3-N, and TN (n = 61, p < 0.05). The proportion of cropland was negatively correlated with the CODMn concentration (Spearman's correlation coefficient = 0.26, n = 61, p < 0.05) and not correlated with any of the other water quality properties. 
We determined whether water quality properties were correlated with land use proportions and LUI as a function of elevation and scale (see Figure 5 ). As shown in Figure 6 , a Spearman correlation heatmap indicated that LUI and the proportion of construction land had a positive correlation with the concentrations of COD Mn and NH 3 -N (n = 61, p < 0.05). The proportion of construction land was also positively correlated with the concentrations of TP and TN and negatively correlated with the DO concentration (n = 61, p < 0.05). The proportion of forest and the proportion of grassland were negatively correlated with concentrations of COD Mn , NH 3 -N, and TN (n = 61, p < 0.05). The proportion of cropland was negatively correlated with the COD Mn concentration (Spearman's correlation coefficient = 0.26, n = 61, p < 0.05) and not correlated with any of the other water quality properties. Regarding scale, correlations between water quality properties and land use proportion and LUI tended to be stronger with buffers >500 m ( Figure 6 ). The correlation between LUI (e.g., Spearman's correlation coefficientCOD = 0.53, n = 61, p < 0.01) and the proportion of construction land (e.g., Spearman's correlation coefficientCOD = 0.47, n = 61, p < 0.01) was stronger in the1500 m buffer than in the catchments. In the heatmap, two clusters were evident: one cluster included grassland and forest proportions, and the other included cropland proportion, construction land proportion, and LUI.
Because water quality properties differed among periods, we also calculated the Spearman's correlation between water quality and land use proportions and LUI during the normal, low, and flood periods ( Figures S4-S6) . During normal and flood periods, the proportion of grassland was negatively correlated with the concentrations of CODMn, NH3-N, TN, and TP (n = 61, p < 0.05), which suggested that grassland helped to purify the water during these periods. The correlation between land use proportions and water quality properties also differed between reservoirs in mountains vs. plains (Table 1 ). In the 100 m and 200 m buffers of reservoirs in mountainous regions, cropland proportion was positively correlated with NH3-N concentration (n = 61, p < 0.05). In reservoirs on plains, cropland proportion was not correlated (p > 0.05) with any water quality properties, and correlations between land use proportions and water quality properties were strongest for construction land. Table 1 . Correlations between land use proportions (and land use intensity) and water quality properties. Correlation coefficients (and their p values in parentheses) are indicated. Values for relationships that were not statistically significant (p > 0.05) are not shown. Regarding scale, correlations between water quality properties and land use proportion and LUI tended to be stronger with buffers >500 m ( Figure 6 ). The correlation between LUI (e.g., Spearman's correlation coefficient COD = 0.53, n = 61, p < 0.01) and the proportion of construction land (e.g., Spearman's correlation coefficient COD = 0.47, n = 61, p < 0.01) was stronger in the 1500 m buffer than in the catchments. In the heatmap, two clusters were evident: one cluster included grassland and forest proportions, and the other included cropland proportion, construction land proportion, and LUI.
Because water quality properties differed among periods, we also calculated the Spearman's correlation between water quality and land use proportions and LUI during the normal, low, and flood periods ( Figures S4-S6) . During normal and flood periods, the proportion of grassland was negatively correlated with the concentrations of COD Mn , NH 3 -N, TN, and TP (n = 61, p < 0.05), which suggested that grassland helped to purify the water during these periods. The correlation between land use proportions and water quality properties also differed between reservoirs in mountains vs. plains (Table 1 ). In the 100 m and 200 m buffers of reservoirs in mountainous regions, cropland proportion was positively correlated with NH 3 -N concentration (n = 61, p < 0.05). In reservoirs on plains, cropland proportion was not correlated (p > 0.05) with any water quality properties, and correlations between land use proportions and water quality properties were strongest for construction land. Table 1 . Correlations between land use proportions (and land use intensity) and water quality properties. Correlation coefficients (and their p values in parentheses) are indicated. Values for relationships that were not statistically significant (p > 0.05) are not shown. 
Land Use Types
Effects of Land Use Configuration on Water Quality
Land use configuration (as indicated by landscape pattern indices) was another significant indicator affecting water quality (Figure 7 and Table S1 ). In descending order of explained variance as indicated by RDA, the percent of landscape (PLAND) for construction land was positively correlated with pH and concentrations of COD Mn , NH 3 -N, TP, and TN in the 1500 m buffer during the low period (p = 0.002, variance = 15.1%) and during the total period (p = 0.01, variance = 11.5%) (Figure 7j ,l; Table S1 ). In addition, the largest patch index (LPI) was negatively correlated with the concentrations of COD Mn , NH 3 -N, and TP and was positively correlated with DO and TN concentrations at the catchment scale over the entire year (p = 0.006, variance = 11.2%) ( Figure 7p and Table S1 ). For forest, the cohesion index (COHE) was positively correlated with COD Mn , NH 3 -N, and TP concentrations and negatively correlated with the TN and DO concentrations (p = 0.008, variance = 10.5%) ( Figure 7g and Table S1 ). In descending order of total explained variance, RDA further showed that for the 1500 m buffer a high proportion of construction land was found, and the influence of land use configuration on water parameters was strongest during the total period (33.0%), flood period (28.4%), and normal period (30.5%) (Table S1 ) compared to the other buffer scales studied. During the low period, total variance was higher with the 500 m buffer scale than with other scales (25.9%) (Table S1 ).
Figure 7.
Biplots of redundancy analysis (RDA) in the normal period, low period, flood period, and over the whole year. The red arrows represent the explanatory variables, and the blue arrows represent the response variables. Land use types are indicated by lower case letters in the red arrow labels (for: forest; gra: grassland; wat: waterbody; cro: cropland; con: construction land).
Discussion
This research documented a significant seasonal change in the water quality of reservoirs in Zhejiang Province, eastern China. The pH values and DO concentrations indicated that water quality in reservoirs was poorer during the flood period, which usually occurs in summer (Figures 3 and 8) . Many studies have shown that water quality improves during flood periods because of the "dilution effect", i.e., because the increased water flow reduces the concentration of pollutants [35] . Other studies, however, have reported that water quality is better during low periods than flood periods because low water levels and slow flow rates will increase the breakdown of pollutants and their removal by sedimentation [36] . Although we arrived at the same conclusion as the latter, the reasons motivating the conclusion are different. On one hand, the concentration of point-source pollutants may decrease because of the dilution effect during flood periods, while those from non-point sources should have the opposite tendency [37] . In the flood period of the current study (Figure 8a) , pH was 
This research documented a significant seasonal change in the water quality of reservoirs in Zhejiang Province, eastern China. The pH values and DO concentrations indicated that water quality in reservoirs was poorer during the flood period, which usually occurs in summer (Figures 3 and 8) . Many studies have shown that water quality improves during flood periods because of the "dilution effect", i.e., because the increased water flow reduces the concentration of pollutants [35] . Other studies, however, have reported that water quality is better during low periods than flood periods because low water levels and slow flow rates will increase the breakdown of pollutants and their removal by sedimentation [36] . Although we arrived at the same conclusion as the latter, the reasons motivating the conclusion are different. On one hand, the concentration of point-source pollutants may decrease because of the dilution effect during flood periods, while those from non-point sources should have the opposite tendency [37] . In the flood period of the current study (Figure 8a) , pH was high ( Figure 3 ) due to the absence of rainstorms (most of the daily accumulated rainfall within 12 h was below 70 mm) ( Figure 8b-d) , which reduced the potential for a dilution effect. On the other hand, the high pH in the reservoirs might be explained by the water levels in the reservoirs, which were highest during the low period (in winter) and lowest during the flood period (in summer) [38] . During flood periods, dams significantly intercept the natural transfer of water to reservoirs [39] . Because water flows slowly through reservoirs, the retention time of pollutants in freshwater ecosystems is prolonged [40] . high (Figure 3 ) due to the absence of rainstorms (most of the daily accumulated rainfall within 12 h was below 70mm) ( Figure 8b-d) , which reduced the potential for a dilution effect. On the other hand, the high pH in the reservoirs might be explained by the water levels in the reservoirs, which were highest during the low period (in winter) and lowest during the flood period (in summer) [38] . During flood periods, dams significantly intercept the natural transfer of water to reservoirs [39] . Because water flows slowly through reservoirs, the retention time of pollutants in freshwater ecosystems is prolonged [40] . Water quality also differed with elevation and topography (i.e., mountains vs. plains) in our study. The elevation of reservoirs was significant negatively correlated with the CODMn and TN concentrations of reservoirs ( Figure S3 ). The pH values and TN concentrations were significantly higher in plain reservoirs than in mountain reservoirs (Figure 4 ). These spatial differences may be explained by land use patterns ( Table 1 ). The effects of human land use are often superimposed on the underlying gradients of other characteristics such as parent material, soil type, and natural topography [41] , and urbanization mainly occurs in the lowlands, i.e., on plains [42] . Urban sprawl has changed adjacent stream channels, which increases the probability of non-point-source pollution [43] . In other studies, residential and commercial areas led to the accumulation of N concentration in reservoirs [14] , and pollutants might support microbial activities that increase DO consumption [44] . Our results also showed that the proportion of construction land was higher near reservoirs on the plains than in the mountains and that the proportion increased as the scale increased, i.e., as the buffer area increased ( Figure 5 ). Most reservoirs collect rainwater in catchment areas that are far away from urban areas and towns.
In this study, the correlations between water quality and land use proportions were stronger when a buffer distance surrounding the reservoirs exceeding 500 m was considered ( Figure 6 ). The Water quality also differed with elevation and topography (i.e., mountains vs. plains) in our study. The elevation of reservoirs was significant negatively correlated with the COD Mn and TN concentrations of reservoirs ( Figure S3 ). The pH values and TN concentrations were significantly higher in plain reservoirs than in mountain reservoirs (Figure 4 ). These spatial differences may be explained by land use patterns ( Table 1 ). The effects of human land use are often superimposed on the underlying gradients of other characteristics such as parent material, soil type, and natural topography [41] , and urbanization mainly occurs in the lowlands, i.e., on plains [42] . Urban sprawl has changed adjacent stream channels, which increases the probability of non-point-source pollution [43] . In other studies, residential and commercial areas led to the accumulation of N concentration in reservoirs [14] , and pollutants might support microbial activities that increase DO consumption [44] . Our results also showed that the proportion of construction land was higher near reservoirs on the plains than in the mountains and that the proportion increased as the scale increased, i.e., as the buffer area increased ( Figure 5 ). Most reservoirs collect rainwater in catchment areas that are far away from urban areas and towns.
In this study, the correlations between water quality and land use proportions were stronger when a buffer distance surrounding the reservoirs exceeding 500 m was considered ( Figure 6 ). The latter finding was consistent with the RDA results investigating the relationships between land use configuration and water quality ( Figure 7 and Table S1 ) which indicated that the land use metrics could be stronger predictors of water quality at larger scales than at smaller scales. In addition to being a strong predictor of water quality during the low period, land use configuration had the strongest effect when the buffer distance was 1500 m, which included a higher proportion of construction land (Table S1 ). Several reports have indicated that among the factors affecting stream water quality, the presence of a 100 m wide riparian zone was the most important [25, 45] . Although the local scale should have a large effect on water quality because factors at this scale function as pollutant filters [21] , larger scales may have had a significant effect on water quality in the current study due to dispersal along and outside of the river network. The correlation between LUI and the construction land proportion was stronger at the 1500 m buffer scale than at the catchment scale ( Figure 6 ), which is consistent with previous reports that the surrounding buffer is a better predictor of water quality than the entire catchment [12, 46] . These results suggest that informed land use planning at a scale of 1500 m could improve the water quality in reservoirs.
There were no significant correlations between cropland proportion and water quality properties except for the COD Mn concentration during the whole period. Despite the high proportion of cropland surrounding reservoirs ( Figure 5 ), use of fertilizers was regulated by aquatic ecological red lines [47] . Although our results indicated that water quality was more affected by factors at larger scales, the local effects of the interface (water level fluctuation zone) on water quality in reservoirs should not be ignored [48] . The water level fluctuation zone is located at the aquatic-terrestrial interface, an interface that affects nutrient content and its spatial-temporal distribution by regulating the biological and non-biological processes between the freshwater and terrestrial ecosystems [49] . Land use and land cover generally have a mechanical influence on the aquatic-terrestrial interface's habitat structure and chemical make-up, and these changes are associated with management activities. Ensuring the security of freshwater ecosystems without damaging the structure and function of the water level fluctuation zone is an important challenge.
Our results illustrated that the proportion of forest and the proportion of grassland were negatively correlated with concentrations of COD Mn , NH 3 -N, and TN (n = 61, p < 0.05) ( Figure 5 ). This demonstrated that forestland and grassland acted as a "sink" for potential pollutants. Therefore, for the forestland-dominated areas surrounding the reservoirs, the government should promote the construction of public welfare forests, focus on strengthening the construction of afforestation, and strengthen the protection of natural forest resources [31] . Although there were no significant correlations between cropland proportion and water quality properties ( Figure 5) , the policy-makers also should promote the cultivation of green manure by rotation and encourage the use of organic fertilizers outside the "ecological red line". Our results indicated that both the proportion and the configuration of construction land can influence the water quality of reservoirs at local and watershed scales ( Figures 5 and 7) . It is urgent to control the area of construction land and reasonably lay out the configuration of the urban area. Moreover, the local industry which produces industrial point-source pollution should limit its sewage discharge concentration, especially for the COD Mn and NH 3 -N concentrations.
Although reservoirs differ from rivers and streams in that they are often located far from urban areas, we should not ignore large-scale land use planning, especially in a developed area like Zhejiang Province where the urbanization rate was 65.8% in 2015 (http://www.stats.gov.cn/). Our results revealed that land use planning of the interface at different scales should be adapted to local conditions and that human urban development on larger scales (1500 m from the reservoir) should be reduced. For reservoirs located in the hilly areas of South China, policy-makers should also take into account the topographic characteristics of reservoirs and seasonal differences.
Conclusions
Our findings revealed that the elevation of sampling sites influenced the water quality throughout the different seasons. The quality of water in reservoirs was poorer during flood periods than in other periods and was poorer for reservoirs located on plains versus in the mountains. These poor water conditions could be explained by the absence of rainstorms during the flood period in 2015-2016 (which prevented the "dilution effect"), the regulation of reservoir water levels (such that they are lowest during flood periods), and the high proportion of construction land on the plain. The LUI and the proportions of construction land were negatively correlated with COD Mn and NH 3 -N concentrations, and RDA showed that the PLAND of construction land was positively correlated with COD Mn , NH 3 -N, TP, and TN concentrations. During the normal period, the forest cohesion index (COHE) was the main land use metric influencing water quality and was negatively associated with the TN concentration and pH value. The total explained variance in water quality was higher with a 1500 m buffer scale than with smaller scales, indicating that management ensuring water safety should be carried out at this scale.
In previous studies, researchers only used correlation analysis or linear regression to investigate the effects of LULC on water quality. Because of the spatial-temporal variability, our research used SOM training to improve the methods to explore the spatial-temporal pattern of the water quality parameters. Our study also focused attention on reservoirs which are usually overlooked but which have played an important role in providing drinking water for human beings. Moreover, we focused on the interfaces of reservoirs that are most impacted by anthropogenic activities. Because of the particularity of reservoirs, the government should attach more importance to the seasonal variability of the water quality. The results indicated that 1500 m buffer scale could be the most applicable scale for policy-makers to manage an optimal land use pattern. However, the local effects of the interface (water level fluctuation zone) on the water quality in reservoirs should not be ignored. The stakeholders, especially for the residents, should strengthen the awareness of forest and grassland protection and observe the ecological red line policy. Moreover, the local industry which produces industrial point-source pollution should limit its sewage discharge concentration, especially for the COD Mn and NH 3 -N concentrations. As the public pays more attention to water quality, decision-makers need more information about the value of water quality. Thus, it will also be significant to mainstream water-quality-related ecosystem goods and services into decision-making and explore the effects of LULC on these ecosystem services in our future work.
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